The network structure of biological systems suggests that effective therapeutic intervention may require combinations of agents that act synergistically. 
Background & Summary
The network-based organization of biological systems suggests that combinations of small molecules will be needed to achieve therapeutic efficacy and selectivity for infectious disease, cancer and many other disorders 1, 2 . Cellular networks are strongly buffered against loss of gene function, manifest as synthetic lethal genetic interactions 3 . A genetic interaction occurs when a phenotype caused by a mutation in one gene is exacerbated (or suppressed) by a mutation in another gene 4 . Genome-wide screens in the budding yeast S. cerevisiae have uncovered over 200,000 genetic interactions, in contrast to the~1,000 essential genes 3, 5 . Analogous to genetic interactions, combinations of chemicals that individually cause minimal phenotypes may exhibit greater than additive effects, termed synergism 2, [6] [7] [8] [9] . Notably, compounds that phenocopy the effect of mutations in non-essential genes may have no discernable effect on wild-type cells, but might inhibit growth in a given genetic context 2 . By definition, the biological activity of such compounds would not be detected in many high-throughput screens used in modern drug discovery. Compounds with such latent activities have been termed cryptagens or dark chemical matter 10, 11 . We recently generated a systematic chemical-genetic dataset in S. cerevisiae to allow the discovery and prediction of synergistic interactions between cryptagens that do not have obvious effects on cell proliferation on their own 11 . Various algorithmic approaches have been developed to predict synergistic compound combinations 1, 12, 13 . However, in most cases such predictions have been made on focused datasets and/or known chemical activities, which inherently constrains the development of general methods 14 . The dearth of fully factorial drug combination data matrices has hampered the systematic testing and comparisons of different predictive approaches 1 . To address this shortfall, we generated two large-scale data sets: a chemical-genetic matrix (CGM) of 356,500 pairwise chemical-gene interaction tests and a derived cryptagen matrix (CM) of 8,128 chemical-chemical interaction tests 11 . Based on this data, we developed a machine learning approach that integrates structural features of compounds with chemical-genetic interactions to predict compound synergism 11, 15 . This systematic approach identified many novel synergistic anti-fungal combinations, many of which also exhibited species-selective effects against clinical isolates of pathogenic fungi 11 . The CM represents a benchmark dataset for the development and refinement of synergy prediction algorithms.
Here, we describe the CGM and CM datasets in detail to facilitate use of this data for synergy prediction by computational approaches. The original CGM was generated by screening 4,915 compounds drawn from four different chemical libraries (LOPAC, Maybridge Hitskit 1000, Spectrum Collection and an in-house collection called Bioactive 1). These libraries were screened against 195 diverse S. cerevisiae deletion strains, which we termed sentinel strains for their ability to detect otherwise hidden chemical activities 11 . The updated CGM described here is an extended version of the dataset reported previously: the number of sentinels has been increased from 195 to 242 yeast deletion strains and the cohort of chemical libraries has been expanded to include a second in-house collection of 892 compounds with bioactivity in yeast, termed Bioactive 2. This extended CGM dataset contains data for 5,518 unique compounds, 242 sentinel strains and duplicate measurements for 492,126 pairwise chemical-gene interaction tests, which represent an additional 135,626 duplicate interaction tests compared to the original CGM dataset (Figs 1,2; Table 1 (available online only)). As previously, we defined cryptagens as compounds that were active against more than 4 and less than 2/3 of tested sentinel strains. Out of the 5,518 compounds in the expanded CGM, 1,434 compounds were categorized as cryptagens (Table 2) . From the original CGM dataset 11 , we selected a subset of 128 cryptagens that were used to generate a complete single concentration combination matrix, termed the cryptagen matrix (CM) (Fig. 3a ). All 8,128 possible combinations between the 128 cryptagens were tested for synergy at 10 μM concentration for each compound in a drug pump-deficient S. cerevisiae strain (Fig. 3b) . Bliss independence values were calculated for each compound pair in the CM dataset (see Methods for details). Independent dose-response surface (checkerboard) assays demonstrated a 65% confirmation rate of synergistic compound interactions from the CM dataset. The full CGM and CM datasets can be accessed at ChemGRID, a web portal that also houses a suite of tools that enable the interrogation and visualization of the chemical interaction datasets (Fig. 4) . The CGM dataset and a detailed accompanying description of the yeast cell growth assay have been deposited at NCBI PubChem BioAssay (Data citations 1,2).
Methods
The methods detailed below are expanded versions of descriptions in our related work 11 .
Compound libraries used to generate the CGM Organization (WHO). The approved drug list contains about 1,500 compounds that represent 50 BemisMurcko Fragments 18 . In contrast, the Bioactive 1 and Bioactive 2 collections contain 78 novel BemisMurcko scaffolds with uncharacterized modes of action. For all screens in the CGM, compound library stocks of 10 mM were diluted to 1 mM working stocks in DMSO in 96 well plates. Over the course of the study, the Spectrum Collection was re-purchased twice: the original library was called Spectrum03, and the two repurchased versions were called Spectrum05 and Spectrum08. As the composition of each release of this library differed somewhat, this non-redundancy resulted in 2,300 unique compounds in the combined Spectrum Collection used in this study. Library compositions and chemical structures are available at www.chemgrid.org.
Yeast strains used to generate the CGM and the CM
The 242 different S. cerevisiae deletion strains used as sentinels to generate the CGM (Table 1 (available online only)) were obtained from the Euroscarf deletion collection and are isogenic to BY4741, which has the genotype MATa his3Δ1 leu2Δ0 met15Δ0 ura3Δ0. For the CM, an isogenic pdr1Δ _ pdr3Δ; strain (MT2481) was generated from BY4741 using PDR1::nat and PDR3::URA3 deletion cassettes.
Generation of the chemical genetic matrix (CGM)
All screens were conducted in synthetic complete (SC) medium with 2% glucose. Yeast deletion strains (Table 1 (available online only)) were seeded at 50,000 cells per well from fresh overnight cultures in a screening volume of 100 μl in 96 well plates. 2 μl of 1 mM compound stock was added to each well for a final compound concentration of 20 μM. Screens were conducted in technical duplicates using a Biomek FX liquid handling workstation with an integrated stacker carousel. 10 μM cycloheximide positive controls and DMSO solvent-only controls were set up in columns 1 and 12 of each 96 well plate. All plates were incubated at 30°C without shaking for approximately 18 h or until solvent-treated control cultures were saturated. Cultures were then resuspended by shaking on the robotic platform before reading OD 600 values on either Tecan Sunrise or Tecan M1000 plate readers 19 . Biological repeats were generated every 8 months over the course of the study for both the pdr1Δpdr3Δ strain and a wild-type S. cerevisiae strain (BY4741) to ensure consistency of compound activity and data reproducibility.
Statistical analysis of the CGM data
All screening data was subjected to the following analysis workflow:
1. LOWESS regression was used to correct spatial effects on growth across all plates for all screens performed with the LOPAC, Maybridge Hitskit 1000 and Spectrum Collection libraries, and for all but seven screens with the Bioactive 1 library. An empirically estimated sliding window of 1/3 was used and data normalization was based on the plate median. The LOWESS normalization method effectively removed variable plate edge effects within the non-active fraction of compounds, which sometimes occurred when plates were read at late time points. 2. For the seven Bioactive 1 screens with higher hit rates, and for all Bioactive 2 screens, the data was not LOWESS corrected but was instead normalized to DMSO controls. The Bioactive 1 library was selected for enrichment of compounds with moderate bioactivity against yeast, whereas the Bioactive 2 library was selected for compounds with strong bioactivity. 3. Median-normalization was applied to all plates and experiments. 4. Z-scores for growth inhibition were calculated based on the median and the interquartile range (IQR)
by fitting a normal distribution with N(1,IQR) to the experimental data. We note that the IQR was intentionally chosen as a conservative estimate of variance to reduce the risk of false positives among the weakly active compounds in the screen. This approach slightly underestimates the significance of the Z-scores. In addition, Z-scores, per cent inhibition and normalized OD values were calculated for manual data validation. 5. Data points with high variation between replicates with growth inhibition up to 30% (>3 MAD) were flagged as inconsistent outliers and removed from further analysis. 6. Classification of compounds into 'active' and 'enhanced growth' was based on Z-score cut-offs.
Compounds with Z-scores o − 4 were classified as 'active', i.e., with reduced OD values compared to the negative solvent-only control. Positive Z-scores >4 were classified as 'enhanced growth', i.e., with OD values greater than the negative control.
All raw and processed CGM data are available online at http://chemgrid.org/cgm and from NCBI PubChem BioAssay (Data citation 1).
Selection of cryptagen compounds for the cryptagen matrix (CM)
From the CGM dataset, we identified 1,434 cryptagen compounds. These compounds inhibited growth of at least four and less than two-thirds of the yeast deletion strains. Each of the four chemical libraries yielded cryptagen compounds: the LOPAC at a hit rate of 5%, the Maybridge Hitskit at 27%, the Spectrum Collection at 18%, Bioactive 1 at 10% and Bioactive 2 at 23%. For the generation of the CM, cryptagens were selected from the Microsource Spectrum Collection based on activities against 58 different sentinel strains (Table 1 (available online only)). All cryptagens from the Spectrum Collection were clustered (average linkage hierarchical clustering) based on chemical structure and a structurally diverse set of 128 compounds with diverse chemical-genetic profiles was selected for the generation of the CM.
Generation of the CM
The 128 Spectrum compounds used for the CM were resupplied from MicroSource Discovery Systems Inc. (Groton, CT). Compounds were diluted to a stock concentration of 0.5 mM and arrayed in two 96 well plates. The 128 × 128 matrix was generated at 10 μM per compound in duplicate experiments (i.e, biological replicates) using a pdr1Δ _ pdr3Δ S. cerevisiae strain in 96 well plates. Yeast cultures were seeded at 50,000 cells per well in synthetic complete (SC) medium with 2% glucose at a screening volume of 100 μl. For the combination screens, 2 μl of 0.5 mM compound stock was added for both compounds for a final concentration of 10 μM per compound. The 128 compounds were also screened in combination with 2 μl DMSO to obtain growth inhibition data for each compound alone for compound interaction calculations. DMSO solvent-only controls were set up in columns 1 and 12 as well as four wells with a 10 μM cycloheximide positive control for complete growth inhibition in column 12. Plates were incubated for approximately 18 h or until solvent control cultures were saturated at 30°C without shaking. Cultures were then resuspended by shaking on the robotic platform before reading OD 600 values on either Tecan Sunrise or Tecan M1000 plate readers 19 .
Analysis of CM data
OD 600 measurements for the CM were normalized to DMSO controls and data was averaged between the biological replicates. Bliss independence 20 for compounds X and Y was calculated using the equation 
Note about the Bliss independence model
The Bliss independence model is based on testing two compounds and the pairwise combination at single concentrations 20 . The Bliss model does not account for possible non-linear concentration effects of either drug, which would instead require assessment over a two dimensional dose-response surface to determine Loewe additivity 21 , also sometimes calculated as the fractional inhibitory concentration index or FICI 6 . The Loewe additivity model requires extensive single and combination drug inhibition measurements that are not practical for large-scale surveys of drug combinations. Therefore, our initial estimates for synergism in the CM relied on the Bliss independence model, as calculated from single concentrations for each drug and the pairwise combination, using the equation I xy = I x +I y − (I x I y ) 6 . The Bliss independence model for growth inhibition is equivalent to the multiplicative fitness model used to quantify genetic interactions. If two genes A and B do not interact, the expected fitness F of the double deletion strain is F ΔAΔB = F ΔA × F ΔB where F ΔA and F ΔB represent the fitness defects of the two single deletion strains. , have an additive effect), we expect a growth inhibition of 52% for this compound combination. Two genes are said to display a negative genetic interaction when the observed fitness of the double deletion strain is lower than expected. Similarly, synergy between two small molecules is observed when growth inhibition in response to the combination treatment is higher than expected.
Code availability
The data analysis procedures for the CGM were implemented in R using the additional packages RMySQL, outliers, matlab, amap, RSvgDevice and RSvgTipsDevice. We developed ChemGRID (http:// chemgrid.org/cgm) as a webportal for the upload, processing and visualisation of chemical-genetic screen data (Fig. 4a,b) 
Data Records Data record 1-chemical genetic matrix (CGM)
The chemical genetic data set of five different compound libraries screened against different subsets of 242 different S. cerevisiae deletion strains. In total, 492,126 chemical-genetic interaction tests (i.e., 984,252 independent measurements since each test was performed in duplicate) between 5,518 compounds and 242 S. cerevisiae deletion strains are represented in the CGM dataset. All raw and processed CGM data can be downloaded and visualized using ChemGRID (http://chemgrid.org/cgm) and are available from NCBI PubChem BioAssay (Data citation 1).
Data record 2-cryptagen matrix (CM)
The raw data as well as the Bliss independence values for all 8,128 pairwise combinations of 128 cryptagen compounds are available from NCBI PubChem BioAssay (Data citation 2). Bliss independence value calculations are described in detail in the Method section above.
Technical Validation
In-plate controls
For the CGM and the CM, each screening plate contained DMSO solvent-only controls as well as cycloheximide positive controls to ensure that inoculum preparation, compound pipetting and screening conditions were not compromised. DMSO solvent-only controls were used for data normalization to account for plate-to-plate variation within each screen and for variation between different screens. Technical and biological replicates During generation of the CGM, each S. cerevisiae deletion strain was screened in a technical or biological replicate. In addition, we repeatedly screened the compound collections against the pdr1Δpdr3Δ strain and a wild-type S. cerevisiae strain (BY4741) to ensure data reproducibility (Fig. 5a,b) .
Z-factor
For each library screen, Z-factors were calculated to ensure quality of the screening data (Fig. 5c ).
Quality filter
Small molecules that did not reproduce between replicate screens were filtered out and not used for further analysis of the CGM data.
Biological replicates
Every compound combination was tested in biological replicate on different days.
Surface dose-response (checkerboard) assays
A set of 75 combinations from the CM was tested in 4 × 4 checkerboard assays. 40 of these combinations initially showed synergistic interactions and 35 did not. This checkerboard analysis confirmed 23 interactions as true positives and 26 as true negatives, with 9 false negatives and 17 false positives. Overall, these confirmatory assays resulted in a 65% confirmation rate of synergistic compound interactions from the CM dataset.
Usage Notes Dataset applications
The linked CGM chemical-genetic interaction and CM chemical-chemical interaction datasets were designed to serve as resources for computational predictions of chemical synergism, and were used in our original study to predict synergistic antifungal combinations 11 . To our knowledge, the CM is the first unbiased large-scale benchmark dataset for chemical-chemical interactions. The CGM and CM datasets can also be used to derive chemical structure-activity relationships for anti-fungal drug discovery. Furthermore, the CGM data can be used to infer compound mode of action 11, 13, 23, 24 .
ChemGRID functionality
The ChemGRID webportal is designed to allow the upload, processing and visualisation of chemicalgenetic screen data (Fig. 4a,b) . All of the raw and processed CGM data is available on ChemGRID and the dataset for each individual chemical library can be browsed, visualized and downloaded. Screens against different S. cerevisiae deletion strains with the same compound collection can be compared and a mouseover functionality allows for interactive data exploration, including chemical structures and properties. Scatterplots can be generated to compare data from different screens, for example between a wild type and a specific deletion strain. Compounds can also be searched by name and chemical structure. Data for single compounds across different screens can be retrieved and viewed on a summary page together with chemical properties, structures, and links to similar compounds (Fig. 4c) . ChemGRID also provides linkouts to other webportals for drug target and compound activity information, including Drugbank 25 , PubChem 26 , MolClass 15 and BioGRID 5 .
